The area under the curve (AUC) of summary receiver operating characteristic (SROC) curve has been a primary statistical outcome for meta-analysis of diagnostic test accuracy studies (DTA). However, its confidence interval has not been reported in most of DTA meta-analyses, because no certain methods and statistical packages to compute it are provided.
Introduction
In clinical epidemiology and health technology assessments, meta-analysis for diagnostic test accuracy (DTA) studies has been a standard method for systematic review [1, 2] . The bivariate meta-analysis model has been widely used for these evidence synthesis analyses, as it enables synthesis of the two primary correlated outcomes of diagnostic studies, sensitivity and false positive rate (FPR; = 1−specificity), thereby incorporating their correlation [3] . Also, through the bivariate modeling framework, a corresponding summary receiver operating characteristic (SROC) curve is uniquely identified and it has been used as a primary statistical outcome [3, 4] .
In most of published DTA meta-analyses, the area under the curve (AUC) of SROC curve is also reported as a primary diagnostic accuracy measure [2, 4, 5] , which corresponds to the C-statistic in diagnostic and prognostic studies [6, 7] . For these prediction accuracy measure, the evaluation of statistical precision is a relevant issue to assess uncertainty of the summary measures, and confidence intervals of the summary sensitivity and FPR are usually presented in practices. However, the confidence interval of the AUC is not reported in most of published DTA meta-analyses. The primary reason is that no closed-form formulae of the confidence interval of AUC has not been provided in the methodological researches and is currently not available in standard software packages. The AUC is one of the most widely used discriminant measures for DTA metaanalyses [2] [3] [4] , so its uncertainty information would be essential if the AUC is reported in these systematic reviews.
In this article, we present a simple parametric bootstrap algorithm to calculate 95% confidence interval of the AUC for SROC curve, and provide a R package dmetatools (https://github.com/nomahi/dmetatools) that involves an easy-to-handle function to implement the bootstrap algorithm. Also, using the parametric bootstrap algorithm, we can conduct a bootstrap test for assessing significance of the difference of AUCs of multiple diagnostic tests. The R package dmetatools also involves an easy-to-handle function to calculate the bootstrap p-value of the test of difference of AUCs.
In addition, recent methodological studies have revealed the relevance of assessments of outliers and their influences in DTA meta-analyses [8, 9] . For these influence diagnostic methods, Matsushima et al. [9] proposed an influential measure based on the AUC, the difference of the AUCs of SROC curves for all population and a leave-onestudy-out population (ΔAUC). Since Matsushima et al.
[9]'s method was discussed in the Bayesian framework, the statistical uncertainty of ΔAUC cannot be quantitatively evaluated. However, applying the bootstrap framework, we can obtain a bootstrap distribution of ΔAUC, and can assess its uncertainty quantitatively; the threshold for classifying potentially influential study is clearly determined. This method can also be easily implemented by the R package dmetatools.
Also, we illustrate the effectiveness of these methods via applications to DTA metaanalyses of radiological evaluations of lymph node metastases in patients with cervical cancer [10] and a minimally invasive marker for airway eosinophilia in asthma [11] .
Example R codes are also provided in Appendix.
Gatsonis [4]'s hierarchical regression framework, i.e., a unique SROC curve estimate is identified by the estimated bivariate normal-normal model [14] . In practices, the estimated SROC curve and its AUC are reported as summary diagnostic accuracy measures.
Examples
As illustrative examples, we present the summary sensitivity and FPR estimates for DTA meta-analyses of radiological evaluations of lymph node metastases in patients with cervical cancer by 44 studies of Scheidler et al. [10] in Table 1 . This DTA meta-analysis evaluated three imaging techniques for the diagnosis of lymph node metastasis in women with cervical cancer, lymphangiography (LAG) based on the presence of nodal-filling defects (N=17), computed tomography (CT; N=17), and magnetic resonance imaging (MRI) for nodal enlargement (N=10). The summary sensitivity and FPR with the 95% confidence intervals were estimated by the REML method using the bivariate random-effects model. In Table 1 , the heterogeneity standard deviation estimates , are also provided. The confidence intervals are usually reported because they can be computed by closed-form formulae. Besides, the SROC curves for the three imaging techniques estimated by the above method are presented in Figure 1 . They provide graphical summaries for the diagnostic accuracies of these imaging techniques, and can be interpreted similarly with the common ROC curve for ordinary diagnostic and prognostic studies in clinical epidemiology. The point estimates of the AUCs are easily calculated by standard software packages (e.g., mada [15] in R), but the closed-form formulae of confidence interval has not been developed currently.
Effective computational methods for the confidence interval and their computational package would be needed for practitioners of these meta-analyses.
Confidence interval for the AUC of SROC curve
The confidence interval formulae of the AUC for SROC curve like the DeLong's formulae [16] would be difficult to derive because the AUC estimator is not expressed by closed-form. However, under current computational environment, it is not so problematic.
There are various effective Monte Carlo approaches to assess the statistical uncertainty in the third row of Table 1 . Although the AUC estimates of CT and MRI were certainly larger than that of LAG, the 95% confidence intervals of the AUCs indicate there were certain statistical uncertainties for these estimates. These confidence intervals should provide relevant information for interpretations of the diagnostic accuracies.
Significance test for the difference of AUCs between two diagnostic methods
In DTA meta-analyses, the comparisons of the summary diagnostic accuracy measures among multiple diagnostic methods are also primary subjects of interests. Reitsma et al.
[ [3] conducted significance tests among the three imaging techniques for the differences of summary sensitivity, specificity (= 1−FPR), and diagnostic odds-ratio. They reported some of these measures were significantly different for CT vs. LAG and MRI vs. LAG.
Although the results of significance tests were inconsistent, it is common because these diagnostic measures aim to assess different characteristics. However, the AUC has been a common primary diagnostic accuracy measure, so they would provide additional useful information for more precise technology assessments.
Influence diagnostics by AUC
Outlying studies that have extreme profiles in the overall populations can seriously Then, the AUC-based influential diagnostic statistic [9] is given as
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The influential measure ΔAUC quantitatively assesses the impact of th study for the AUC estimate ( 1,2, … , ). Although other influential measures based on summary sensitivity, FPR, and diagnostic odds-ratio [8, 9] were also proposed, the AUC is another primary diagnostic accuracy measure, it would be a useful and intuitively interpretable measure to assess the influences of individual studies by the changes of AUC. However, Matsushima et al.
[9] discussed their methods within the Bayesian methodological framework, the threshold determination is possibly a difficult problem in practices. In the frequentist formulation, we can quantitatively assess the uncertainty of ΔAUC if the sampling distribution is accurately estimated, and can select the threshold reasonably.
Although the sampling distribution cannot also be estimated analytically, we can apply the bootstrap schemes of Sections 3 and 4 for the estimation. The bootstrap algorithm is provided as follows.
Algorithm 3 (Bootstrap for estimating the sampling distribution of ). 6. The threshold can be determined by the percentiles of the bootstrap distribution; e.g., 2.5th and 97.5th percentiles of the bootstrap distribution are adopted.
Based on the bootstrap method, we can assess how the corresponding study has influence in the overall population. The computation can also be implemented by the R package dmetatools, and an example code is provided in Appendix.
Example For the illustration, we applied the AUC-based influential diagnostic method The results of the influence diagnostics are presented in Table 3 . The AUC estimates by leave-one-out analyses varied on 0.729-0.780. The 5th and 8th studies were the most influential ones for changing the AUC estimate. Leaving the 5th study, the SROC estimate shifted downward, because this study had relatively large sensitivity estimate. The AUC estimate was decreased to 0.729, and ΔAUC 5 0.028. Also, since the 8th study had relatively small sensitivity and large FPR estimates, deleting this study, the SROC estimate shifted upward and the AUC estimate was increased to 0.780, i.e., ΔAUC 8 0.023. For both studies, the realized values of the influential statistic exceeded the 95% bootstrap interval. Thus, they would be interpreted to have influential profiles that exceeded the reasonable ranges explained by the random variations. Thus, these studies should be interpreted as an influential, and be carefully re-investigated for their background information that possibly influence the interpretations of the overall results.
Note that outlying studies and influential studies can be different, and this method focuses to detect the latter. The detected studies are usually influential ones to the AUC estimate, but are not outliers.
Discussion
In this paper, we provided a bootstrap algorithm to compute a confidence interval of the AUC of SROC curve and easy-to-handle software package for DTA meta-analysis. SROC curve has been already a primary statistical outcome of DTA meta-analysis [2, 4, 5] and is currently adopted in most published papers. The statistical uncertainty information is also essential and it should be reported as a standard outcome of these studies. As an alternative approach, the large sample distribution of the AUC might be theoretically derived in future studies. Then, another confidence interval using a closed-form formulae is possibly available, but currently it is uncertain. However, if such formulae is developed, the bootstrap approach is also effective, because its large sample approximation can have better coverage performances compared with Wald-type confidence intervals [23, 24] , and the computational cost is not problematic under modern computational environments.
In addition, the comparisons of multiple diagnostic tests are important subjects in DTA meta-analysis [3] . As like the confidence interval of AUC, the closed-form formulae of the standard error estimate and test statistic of dAUC would be difficult to derive theoretically. Thus, the bootstrap approach would be a feasible and effective approach currently. Its computational cost is also not problematic, so it is a tractable computational solution for practices.
For the influence diagnostics based on the AUC, the bootstrap approach enables quantitative evaluation of the realized value of ΔAUC and can provide reasonable thresholds to assess influential study [8, 25] . Note that the ΔAUC is not a standardized measure like the studentized residual for linear regression analysis [26] , For more details, please see the help files of the devtools package and the web page (https://github.com/nomahi/dmetatools). 
